Background: Although genome-wide association studies (GWAS) have identified over 100 genetic loci associated with rheumatoid arthritis (RA), our ability to translate these results into disease understanding and novel therapeutics is limited. Most RA GWAS loci reside outside of protein-coding regions and likely affect distal transcriptional enhancers. Furthermore, GWAS do not identify the cell types where the associated causal gene functions. Thus, mapping the transcriptional regulatory roles of GWAS hits and the relevant cell types will lead to better understanding of RA pathogenesis. Results: We combine the whole-genome sequences and blood transcription profiles of 377 RA patients and identify over 6000 unique genes with expression quantitative trait loci (eQTLs). We demonstrate the quality of the identified eQTLs through comparison to non-RA individuals. We integrate the eQTLs with immune cell epigenome maps, RA GWAS risk loci, and adjustment for linkage disequilibrium to propose target genes of immune cell enhancers that overlap RA risk loci. We examine 20 immune cell epigenomes and perform a focused analysis on primary monocytes, B cells, and T cells.
Background
Rheumatoid arthritis (RA) is a common autoimmune disease that results in progressive disability. RA primarily affects the small joints of the hands and feet, where immune cells invade the lining of the joint, causing synovial inflammation and hyperplasia. Disease progression leads to cartilage and bone destruction as well as systemic comorbidities that result in higher mortality rates in RA patients than healthy adults [1] . The genetic factors underlying susceptibility to RA have been examined with multiple genome-wide association studies (GWAS) that have identified over 100 single nucleotide polymorphisms (SNPs) associated with RA [2] . However, the translation of these findings into disease understanding and therapeutic interventions is not straightforward. Besides the difficulty in identifying disease-casual variants (and not those in high linkage disequilibrium [LD] with the true causal variant), most reported GWAS SNPs do not reside in protein-coding regions and may be near many candidate genes. These challenges have limited the ability to translate genetic studies into RA disease understanding.
While most identified disease-associated genetic variants do not result in functional mutations, multiple lines of evidence support a gene regulatory role for these variants. It has been demonstrated that non-coding GWAS SNPs are more likely to reside in DNaseI hypersensitivity sites indicative of cis-regulatory elements [3] . Moreover, immune disease-associated SNPs are highly enriched at intergenic regulatory enhancers, with a limited set perturbing known transcription factor motifs [3] [4] [5] [6] [7] . There are also several mechanistic demonstrations of specific GWAS-identified SNPs that have been linked to disease through gene mis-regulation [8, 9] . Together, these studies provide strong evidence that SNPs identified through GWAS need to be further annotated with additional data to understand their function.
The regulatory role of GWAS loci is further supported by the finding that GWAS SNPs are enriched at DNA variants correlated with gene expression changes, known as expression quantitative trait loci (eQTLs) [10] . eQTLs are a powerful tool to connect SNPs of unknown function with expression of putative disease-relevant genes. Toward the goal of elucidating the gene regulatory role of disease-associated variants, previous studies have used publicly available eQTL datasets to annotate GWAS SNPs [2, 11, 12] . Increasingly, eQTLs mapped from sorted cell populations or tissues are used because of evidence that gene regulation is highly context specific [4, [13] [14] [15] . It is often prohibitively difficult to obtain eQTL datasets from large patient cohorts or access disease-relevant cells or tissues; therefore, data from healthy cohorts and not the disease of interest are used. However, we hypothesize that studies of relevant patient populations could provide better information than these non-disease datasets.
Herein, we present the results of an investigation to address some of the challenges described above. We mapped eQTLs using whole-genome sequencing data and whole blood gene expression data from a population of 377 unrelated RA patients. To our knowledge, this is the first study to map eQTLs from RA patient samples. We find greater than 6000 genes with significant eQTLs that are enriched with RA relevant pathways. The RA mapped eQTLs are enriched at RA GWAS loci and enhancers from immune cell epigenome maps. Comparison to eQTLs from healthy donors revealed greater enrichment in RA GWAS loci in our dataset derived from RA patients. Next, we associated known RA GWAS loci with proposed gene and cell type annotations by performing an integrative genomics analysis of: RA eQTLs, RA GWAS loci, and immune cell epigenome maps. We find greater cell type-specific chromatin activity at enhancers overlapping RA GWAS loci compared to gene body/promoters overlapping GWAS loci across various cell type datasets. As our deconvolution converts loci associations into cell type and gene associations, it simplifies the choice of an experimental system for validation. As an example, we identify FCGR2B in B cells as possessing both intragenic and enhancer regulatory GWAS hits, suggesting that this gene is potentially a key RA driver in B cells. We provide our results as a foundation to generate hypotheses for the design of validation experiments, which could tease apart the genetic and biologic mechanisms underlying the development and progression of RA, a disease where there remains a large unmet therapeutic need.
Results

eQTL mapping from a RA cohort
Gene expression and genotype data were combined to map eQTLs from a population of 377 RA patients with moderate to severe disease and inadequate response to methotrexate [16] . A summary of patients used in this study is given in Table 1 . Transcriptome data (Affymetrix microarray) from whole blood were compared to matching genotypes generated from whole-genome sequencing [17] . In brief, eQTL mapping was performed by linear regression on adjusted data and false discovery rate (FDR) was estimated with a permutation method separately for local (cis defined as less than 1 Mb distance from SNP to gene) and distant associations (trans, greater than 1 Mb from SNP to gene including across chromosomes; see "Methods").
We identified cis-eQTLs corresponding to 6194 unique genes (referred to as egenes) at the 5 % FDR level (described in Fig. 1a , Table 2 , Additional file 1 for the complete set of connections and Additional file 2 for the list of all SNPs tested but not necessarily found to be associated with gene expression). An additional 236 unique egenes were mapped to trans loci (5 % FDR; Additional file 3). In order to identify the biological processes represented in this set of genes, we performed enrichment analysis using knowledge-based canonical pathways (see "Methods"). The top associated pathways were genes involved in the immune system and the adaptive immune system. Other associated terms were biological processes with known importance in RA such as antigen processing and presentation and pathways such as lipid metabolism and cell cycle (Fig. 1b) . Genes with trans-eQTLs were enriched for pathways related to immune regulation with the top enrichment for antigen processing and presentation. The pathway enrichment for trans-eQTL egenes was largely driven by HLA genes (e.g. HLA-DRB4, HLA-C, HLA-B, HLA-DPA1, and HLA-DQA1 appear in the gene sets for graft-versushost disease, allograft rejection, and cell adhesion molecules). This is in agreement with previous studies that found~50 % of trans-eQTLs from peripheral blood map within the HLA region [18] .
Enrichment of RA eQTLs in the GWAS catalog and comparison to other published eQTL studies
Previous studies have found that GWAS SNPs are enriched in eQTLs [10] . In order to determine the overlap of disease-associated SNPs with eQTLs in our study, we compared the identified RA eQTLs are shown for clarity). Blue links represent associations within the same chromosome whereas gray links represent associations that span across chromosomes. b egenes associated with eQTLs in RA whole blood samples were tested for enrichment with the MSigDB term database separately for egenes associated in cis (left) or in trans (right) with the NHGRI catalog of published GWAS [19] . The diseases or traits with the most significant overlap with RA cis-eQTLs are shown in Fig. 2a . Of the 184 variants reported to be associated with RA susceptibility, 75 were associated with gene expression in cis in our analysis. There were 69 unique genes mapped to these eQTLs. When considering SNPs in high LD (r 2 ≥ 0.8) with the GWAS reported SNPs, 82 reported RA GWAS SNPs were associated with 80 unique genes in cis in our analysis. The RA eQTLs were also enriched for other known autoimmune disease GWAS, including ulcerative colitis, Crohn's disease, and multiple sclerosis. The RA cis-eQTLs detected in this study were compared to cis-eQTLs from previously published studies, including those mapped from sorted populations of B cells, T cells, and monocytes from healthy donors [13, 14, 18] (Additional file 4: Figure S1 ). We repeated the comparison of cis-eQTLs to GWAS loci in these non-RA populations (Fig. 2b) . The enrichment with RA GWAS SNPs was highest in our RA whole blood study; with some overlap also present in the Raj et al. study of T cells [14] . This demonstrates that eQTL studies of RA patients may yield improved power to discover potential disease-regulatory genes compared to studies using non-RA donors. The ciseQTLs from Fehrmann et al. are enriched in inflammatory bowel disease GWAS SNPs, which is in agreement with the fact that the subjects in that study included 49 individuals with inflammatory bowel disease [18] . Comparison of RA eQTLs with epigenomics datasets
Genetic variants associated with immune diseases have been shown to overlap distal regulatory enhancer elements [4] . Based on this finding, we sought to compare the location of the RA eQTLs with enhancer elements (derived from histone modification epigenome studies) from cell or tissue specific datasets. We expect that when eQTLs and epigenomes are compared between cell types, both cell type-specific elements and common elements will be found. This expectation is based on previously published analysis indicating that more than 50 % of eQTLs are shared when comparing tissues [15] and data from the Roadmap Epigenomics Project, which identified 2.3 million enhancers across 111 epigenomes, of which 57,840 formed a housekeeping cluster that was active across all lineages [5] . Nonetheless, we sought to confirm that RA whole blood eQTLs were enriched in peripheral immune cell types. We used annotated chromatin states from 97 cell or tissue-specific datasets from the Roadmap Epigenomics project and ENCODE [5, 20] generated with ChromHMM [21] (see "Methods"). The eQTLs were enriched at actively transcribed regions and active transcription start sites (TSS) in all cell types but exhibited greater fold-enrichment in the enhancers and active enhancers of primary cell types from peripheral blood ( Fig. 2c ; Additional file 5: Figure S2 ). The greater specificity of enrichment of RA eQTLs at enhancer elements than promoters may result from enhancer activity being more cell type-specific than promoter activity [5, 22] . Analysis based on a local permutation method demonstrated that the enrichment of RA eQTLs in enhancer elements was statistically significant [23] (see "Methods" and Additional file 5: Figure S2B , C).
Identification of RA therapeutic targets in monocytes, B cells, and T cells
RA GWAS variants at enhancers likely function by causing dysregulation of their target genes; therefore, these genes may represent novel therapeutic targets or pathways for the treatment of RA. Having confirmed that RA blood eQTLs are enriched at immune cell enhancers and RA GWAS loci, we combined the datasets to identify the potential target genes of RA GWAS loci that overlap immune cell enhancers. By integrating RA blood eQTLs, RA GWAS, and immune cell enhancer datasets, we identified triple hit regulatory regions of the genome and their potential target genes. Our approach addresses three major problems with the interpretation of RA GWAS loci: LD between SNPs, a lack of cell typespecific information, and that the target genes of putative regulatory SNPs are unknown. To overcome these challenges, we developed an integrative analysis methodology that takes all SNPs in LD with the RA GWAS hits, identifies those that overlap blood cell type enhancers, and then uses eQTLs to link these to genes that possess active chromatin marks in the corresponding cell type (Fig. 3a) . Through this approach we annotate intergenic GWAS hits with a cell type of activity and target gene(s).
In brief, we started by identifying enhancer regions using ChIP-seq maps of histone H3 that are modified with acetylation of lysine 27 (H3K27ac) and monomethylation of lysine 4 (H3K4me1). Then we identified RA GWAS SNPs from Okada et al. [2] and SNPs in high LD (r 2 ≥ 0.8) with the RA GWAS SNPs and overlapped these with the enhancer regions (HLA-region SNPs on chromosome 6 were excluded from this analysis and will be treated separately). Active genes were identified by looking for active promoter marks, H3K27ac or trimethylation of lysine 4 (H3K4me3), at gene TSS. Next, enhancers overlapping RA GWAS loci were linked to target genes using eQTLs between the active genes and the SNPs overlapping the enhancers (see "Methods" for complete description). We focused our interpretation on primary monocytes, primary B cells, and primary T cells from peripheral blood (Fig. 3b) and we provide the complete results for all cell types in Additional file 6. While monocytes are not directly involved in RA disease, they differentiate into other cell types that are involved in disease, such as dendritic cells and macrophages. H3K4me1 peaks identified more RA GWAS/ eQTL overlapping enhancers than H3K27ac, which may be reflective of the higher genome coverage of H3K4me1. We plotted H3K4me1 connections in all available T cell datasets and found that 69 % of genes were identified in multiple T cell types (Additional file 7: Figure S3 ) suggesting the majority of H3K4me1 connections do not result from the chance placement of H3K4me1. Previous publications have suggested that enhancers possessing H3K27ac are likely active in that lineage [24, 25] , whereas enhancers possessing only H3K4me1 are likely to represent enhancers that are primed to become activated upon stimulation, in sublineages, or in disease [4, 26, 27] . Hierarchical clustering demonstrated that the three cell types had distinct patterns of SNP-enhancer-gene connections. Interestingly, B cells and monocytes were more similar than B cells and T cells, potentially reflecting shared roles in antigen presentation during RA versus genes shared from common progenitors.
Our methodology prioritized testable connections between GWAS loci at enhancers, target genes, and the cell types in which the GWAS regulate expression. Of the 58 genes that had cis-eQTLs overlapping RA GWAS and enhancer regions (either H3K27ac or H3K4me1 marks), 12 genes were associated with all three cell types. These genes were ACTR2, HSPA6, IL10RB, PAM, PPIP5K2, PSMD5-AS1, RAB14, RNASET2, TMEM50B, TMEM116, TRAF1, and UBE2L3. There were other genes, such as FCRL5 and BLK, that had cis-eQTLs overlapping enhancer regions and GWAS loci in B cells, but not monocytes and T cells. Genes with monocytespecific cis-eQTLs included SUOX and PCCB. Genes with RA GWAS overlapping enhancers in T cells only included IL2 and LY9.
The above methodology identified genes likely associated with intergenic RA GWAS. However, we also wanted to consider RA GWAS loci that overlap genes or their promoters in the immune cell types considered. We identified 68 genes that had RA GWAS loci overlapping their promoter or any part of their transcript and were considered "active" in the immune cell epigenome maps (possessed active chromatin marks at their GINM1  ICOSLG  PGAP3  CDK12  TAGAP  BLK  FBXL20  ETV7  FCRL5  KCTD20  STK38  TMEM50B  FCRL3  IL10RB  GART  ANXA11  RAB14  PSMD5-AS1  TRAF1  SYNGR1  LOC339803  USP34  AHSA2  CD40  UBE2L3  FCGR2A  ERP29  PCCB  SUOX  FCGR2B  NEIL2  FAM167A  XKR6  CTSB  SF3A3  INPP5B  FHL3  HSPA6  ACTR2  F11R  CD244  LY9  EOMES  SLC22A4  PTPRC  AFF3  TMEM116  RNASET2  PPIP5K2  PAM  AARS2  SLC22A5  ACSL6  NUP210L  UBASH3A FBXL12 NAA25 Fig. 3 Integration of epigenomics datasets allows cell-type annotation for RA GWAS and RA eQTL connections. a Schematic demonstrating the approach to connect reported GWAS SNPs of unknown function to putative causal genes using epigenomics and eQTL datasets. b Heatmap of genes identified to be associated with RA GWAS SNPs in primary monocyte, T cell, and B cell datasets promoters; see "Methods" and Additional file 8: Figure  S4 ). The majority of these genes (51 of 68 genes) are active in all three cell-specific datasets (e.g. GATA3 and IL6R), which is reflective of the lower cell-type specificity of promoters [5, 22] . However, some genes are specific to certain cell types, such as PADI4, which overlaps a RA-associated SNP, and only possess active chromatin marks at its promoter in monocytes (Additional file 9: Figure S5 ). It was also tested whether H3K4me3 outside of gene promoter regions near TSSs would be useful to provide additional connections between GWAS loci and putative causal genes. We found that analysis of H3K4me3 peaks complemented the analysis described here and did not point to any additional genes that could be associated with GWAS loci. Separately from the cis-eQTLs described in detail above, we also queried whether there were any RA GWAS SNPs associated with gene expression of distal genes (trans-eQTLs). We identified trans-eQTLs corresponding to three unique egenes that overlapped reported RA GWAS SNPs (or those in high LD with the reported SNPs). These trans-eQTLs were all located in the HLA region on chromosome 6 and were associated with expression of SAMD14, BICD1, and PTCRA. SAMD14 encodes for Sterile Alpha Motif Domain Containing 14, a protein without known function or relation to autoimmunity. BICD1 encodes for Bicaudal D Homolog 1, a protein involved in golgi-endoplasmic reticulum transport. BICD1 is known to interact with STAT3, GSK3B, PLK1, and MAPK14, proteins involved in immune cell signaling. PTCRA encodes for Pre T-Cell Antigen Receptor Alpha, which forms part of the pre-T-cell receptor complex and regulates T cell development. The trans-eQTLs for these genes are visualized in Additional file 10: Figure S6 . These genes have not, to our knowledge, previously been documented as associated with any RA GWAS loci.
Disease-relevance of RA GWAS-associated genes
We tested whether the genes associated with RA GWAS SNPs (not including MHC class II risk SNPs) were enriched for genes related to RA pathogenesis. We tested the set of genes described above derived using epigenome maps from peripheral B cells, T cells, and monocytes. The immune cell RA-associated genes were enriched for general immune system pathways and more specific pathway terms such as JAK-STAT signaling pathway, IL-12-mediated signaling events, and T cell receptor signaling pathway (Fig. 4a ). These RA-associated genes were also enriched for genes expressed in certain peripheral blood cell types. The greatest enrichment was observed for genes associated with mononuclear cell of peripheral blood, T lymphocyte (regulatory) of peripheral blood, and B lymphocyte (pre-B) of bone marrow (Fig. 4b) . Because there were several RA GWAS SNPs that were not annotated with a gene in the chosen peripheral blood cell types by our approach, we expanded our set of genes to include genes that had been previously been associated with these reported risk SNPs. The results of this analysis are shown in Additional file 11: Figure S7 .
We next tested whether the genes we identified were enriched in genes identified as differentially expressed in RA datasets. Unlike the use of knowledge-based gene sets, this allows for the inclusion of genes that may be important for disease but are not yet well established in the literature and absent from pathway databases. The immune cell RA-associated genes we identified were enriched for genes increased in RA synovial tissue compared to normal tissue or in inflamed compared to non-inflamed synovial tissue (Fig. 4c) . Between 21 and 33 RA GWAS-associated genes were significantly increased in these datasets. A total of 68 out of 120 RA GWAS-associated genes were differentially expressed in at least one of these datasets. We compared these results to gene sets derived from other automated methodologies to annotate GWAS SNPs with genes. First, a gene set was generated from the same set of GWAS SNPs annotated by our method, by simply choosing the closest gene(s) to the reported GWAS SNP using the same number of genes per SNP ("closest genes"). A second gene set was generated by choosing any genes within 5000 bp of the reported SNP ("within 5000 bp"). We observed that our method selected more genes that were differentially expressed in the orthogonal disease datasets, resulting in lower enrichment p values (Fig. 4d) . Overall, this analysis suggests that we identified genes expressed in immune cell types that are increased in inflamed synovial tissue of RA patients and that our method can nominate more disease-relevant genes than previous approaches that do not incorporate eQTL and epigenome datasets.
In addition to this traditional enrichment analysis, the RA-associated genes were analyzed with a networkbased methodology to assess the network connectivity and identify biologically relevant associated genes (Additional file 12: Figure S8 ). It has previously been shown that disease associated genes cluster together on gene interaction networks [28] [29] [30] [31] . For our comparison, we compared the genes identified in Fig. 4 (as well as MHC class II risk genes) to genes from the NCBI Phenotype-Genotype Integrator for the trait "Arthritis, Rheumatoid" (http://www.ncbi.nlm.nih.gov/gap/ phegeni). A publicly available human interactome was utilized [28] . We found that, indeed, the GWAS-associated genes we identified formed a connected component with 16 members (and a second large component of nine genes) compared to ten directly connected genes for the NCBI annotated gene list (corresponding to a z-score based on 100,000 permutations of 4.6 and 2.7, respectively). The GWAS-associated genes we identified have a mean shortest distance of 1.78 versus 1.90 for the NCBI list.
Discussion
Mapping gene regulatory components of RA Understanding the genetic and regulatory component of complex diseases such as RA remains a large challenge. Here, we present a resource to study the connections between RA risk loci and gene expression. We used matched whole-genome sequencing and mRNA profiling from 377 patients with moderate to severe RA. This dataset has the advantage of being disease-specific, unlike eQTLs derived from healthy (non-RA) subjects. We demonstrated that the eQTLs mapped from the whole blood of RA patients are more enriched for RA GWAS SNPs than other eQTL datasets (Fig. 2) . We confirmed that eQTLs mapped from RA patients are enriched in enhancer regions of relevant cell types such as peripheral Increased genes enrichment p-value b Fig. 4 Canonical pathway and cell-type enrichment of identified RA GWAS-associated genes and enrichment with RA gene expression disease profiles. Genes identified as associated with RA GWAS SNPs in monocytes, B cells, or T cells were tested for enrichment with the MSigDB term database a or a database of cell type-specific gene expression b. c The genes identified were compared to genes differentially expressed in three publicly available RA synovial tissue datasets with the GEO IDs indicated. The enrichment p value is the unadjusted p value from one-sided Fisher's exact test. d The enrichment with the increased genes in the same RA synovial tissue datasets were compared with gene lists generated by choosing the closest genes to the RA GWAS SNPs ("closest genes"; the same number of genes are selected per SNP as with our method) or choosing any gene(s) within 5000 bp of the GWAS SNP ("within 5000 bp") blood B cells and T cells. We mapped previously reported RA GWAS loci to enhancers from peripheral blood datasets and then genes using our eQTLs. This method was able to identify connections between genes and regions associated with RA risk, providing a mechanism to better understand RA disease biology as well as potential pathways for drug discovery.
The finding that our eQTL dataset mapped from RA patients is more enriched with RA GWAS loci that previously published datasets in non-RA cohorts could be due to several factors, which are explored further in Additional file 13: Figure S9 . One possible explanation is that the eQTL variants have higher allele frequencies in RA subjects, therefore boosting the power to detect associations with gene expression. However, GWA studies indicate that the allele frequencies should not be greatly different for most variants in RA cases versus healthy controls. Therefore, this is unlikely to explain the observed difference. We confirmed this by comparing the allele frequencies of eQTLs observed in our cohort to the allele frequencies for the same variants in the 1000 genomes EUR population (Additional file 13: Figure  S9A -C). A second possible explanation for the enrichment of RA GWAS loci in our RA dataset is that RA blood contains a larger proportion of relevant cell types compared to healthy blood, which could boost the power to detect eQTLs for genes expressed predominantly in these cell types. Indeed, there are several publications documenting changes in cell frequency in peripheral blood of RA patients compared to non-RA healthy controls [32] [33] [34] . A comparison of egenes from our study to those from healthy donors demonstrated that egenes detected uniquely in RA blood (and not healthy donors) were highly expressed in relevant cell populations such as T lymphocytes (Additional file 13: Figure S9F ). A third explanation for the difference between RA and healthy eQTLs, which is potentially the most intriguing, is that the conditions present in RA patients result in context-specific gene regulation resulting in detection of eQTLs not present in healthy donors. In support of this hypothesis, stimulation-dependent eQTLs have been reported in human monocytes stimulated with lipopolysaccharide or interferon- [35] . In order to further explore this possibility for the eQTLs detected here, further focused studies would need to be performed.
Identification of novel disease-relevant genes
While many of the genes we identified have been mapped to RA GWAS loci in previous reports and have documented associations with RA, such as PTPN22 (protein tyrosine phosphatase, non-receptor type 22) [36] , others are less well studied, such as PAM (Peptidylglycine alpha-amidating monooxygenase), an enzyme that catalyzed the C-terminal amidation of peptides. Another example of a gene not previously linked to RA genetics is CTSB (Cathepsin B), a proteinase involved in amyloid precursor protein processing that is known to be elevated in the synovial fluid of RA patients and could be involved in collagen destruction [37] .
Our approach facilitates the interpretation of GWAS loci in specific cellular contexts, suggesting an experimental cell type that could be used for validation of proposed therapeutic targets or disease-specific biomarkers. As an illustrative example, FCRL5 (Fc receptor-like 5) was identified as associated with rs2317230 on chromosome 1 and overlapping a B cell-specific enhancer (Fig. 5a, c) . Recent literature reports support our celltype association for FCRL5. FCRL5 is known to be involved in B cell signaling and is highly expressed in tonsil plasma cells, naïve B cells, and memory B cells [38] . The FCRL5 cytoplasmic domain has both an immunoreceptor tyrosine-based activation motif (ITAM)-like sequence and two consensus immunoreceptor tyrosine-based inhibitory motifs (ITIM) and appears to have an inhibitory effect on BCR signaling [39] . FCRL5/IgG interaction results in IgG auto-regulation, although FCRL5 does not bind IgG in a traditional manner via the Fc like Fc receptors [40] . Furthermore, in the treatment of RA with Rituxan (anti-CD20), low FCRL5 mRNA levels in B cells from whole blood have been shown to predict positive response [41] . Taken together, there is strong evidence to support the genetic association with FCRL5 in the B cell lineage. In contrast, FCRL3 is associated RA in both T cells and B cells but is repressed by H3K27me3 in monocytes (Fig. 5a, c) .
FCGR2B is an example of a gene that overlaps a GWAS SNP and also has a cis-eQTL that overlaps a different reported GWAS SNP. A cis-eQTL for FCGR2B overlaps with enhancers in monocytes and B cells and the reported risk SNP rs72717009 (OR 1.13; [2] ). A different reported risk SNP at chr1:161644258 (OR 1.15; [2] ) also overlaps with the FCGR2B transcript (Fig. 5b,  c) . The two independent GWAS associations between RA and FCGR2B highlight its potential importance. Literature supports the association between RA and FCGR2B expression in B cells as FCGR2B expression is reduced in memory B cells and plasmablasts from RA patients compared to healthy controls and FCGR2B expression is associated with levels of anti-citrullinated autoantibodies [42] .
TAGAP (T-cell activation Rho GTPase activating protein) is another example gene that was also identified with a cis-eQTL overlapping a B cell-specific enhancer, but a specific role for TAGAP in RA disease has not previously been demonstrated. Our study suggests that the function could be specific to B cells. This is further supported by gene expression data that demonstrate that TAGAP expression is highest in naïve B cells compared to CD4-positive and CD8-positive T cell subtypes or other B cell subtypes [43] . Furthermore, a previous publication found that the association of a TAGAP variant (rs182429) was stronger in patients with anti-cyclic citrillinated peptide (anti-CCP) antibodies [44 ] .
Limitations of the current approach
While our study was able to annotate many reported RA GWAS SNPs with potential genes, there were several SNPs that were not associated with enhancers or located within any active genes in the blood cell types evaluated. One possibility is that the medications used by the subjects in this study altered gene transcription in the blood and either masked some true effects or created false positives. The cohort used here was relatively homogeneous in current medications because this was an inclusion criterion of the study [16] . All subjects were on a stable dose of methotrexate with no exposure to biologics such as TNF-alpha inhibitors. A second possibility is that these GWAS SNPs are associated with regulation of genes expressed in other cell types. The known pathology of RA suggests these SNPs could function in fibroblast-like synoviocytes (FLS), as it is known that the FLS in affected joints of individuals with RA exhibit a transformed, invasive phenotype [45] . Additionally, genome-wide analysis of DNA methylation has identified a stable RA-specific signature at disease-related genes [46] [47] [48] . In these studies, several of the SNPs that were not annotated in blood cell types, were previously described in analyses of RA FLS [49] . For example, the reported risk SNP rs10175798 was not annotated by any gene in our study, but is proximal to LBH. This gene was found to be differentially expressed and differentially methylated in RA FLS [49] . Furthermore, LBH was shown to regulate proliferation in FLS [50] . Unfortunately, FLS could not be included in our analysis as there is currently no histone modification or eQTL data available in this cell type. To date, the large number of RA FLS samples needed for eQTL mapping has been difficult to obtain as synovial biopsies are not routinely performed. However, new methods to improve synovial biopsy collection may make this type of study possible in the near future [51] .
Besides FLS, our study may also not be able to detect eQTLs from cell types that are rare in whole blood. We focused our analysis on epigenome maps from monocytes, B cells, and T cells, but a focused study using isolated regulatory T cells or other cell types of interest will likely be necessary to fully annotate the RA risk loci with prioritized gene connections. In our present study, we use co-overlap of GWAS SNP and eQTL SNP with histone modification ChIP-seq peaks to link GWAS loci to target genes without assessing the exact colocalization of the two signals at one SNP. The two pieces of information are used distinctly: (1) the RA GWAS hit is used to associate the enhancer's dysregulation with RA; and (2) the eQTL is used to link the enhancer to target genes. Further insights into RA genetics would be obtained through careful measurement and testing of eQTL and GWAS signal colocalization; however, such studies would require larger samples sizes and eQTLs from a wide variety of purified cell types in resting, active, healthy, and diseased states [52] .
Additional limitations of the present study are the availability of epigenomic datasets, coverage of histone marks within epigenomic datasets, and the potential for false positives. More datasets from the cell types of interest from added donors would allow for estimations of the variability of chromatin states across the genome. Therefore, allowing researchers to assign confidence to the likelihood of a particular mark in each cell type. Furthermore, the inclusion of epigenomes from RA patients (and not only healthy donors) is likely to identify differential enhancer activity. Related to this limitation is the unknown accuracy of the method for selecting gene and cell type connections for a given GWAS loci. All the proposed connections need to be confirmed with focused experimentation. We demonstrated that H3K4me1 peaks identified more RA GWAS/eQTL overlapping enhancers than H3K27ac. Because of the higher genomic coverage of H3K4me1, it is possible a greater number of these connections are caused by chance.
Conclusions
To our current knowledge, the study presented here is the most comprehensive dissection of the transcriptional regulation of RA GWAS in immune cell types. We leveraged a large study of DNA variation and gene expression from RA patients to map eQTLs. Then, using this dataset and publicly available epigenome maps, we attempted to deconvolute the RA GWAS loci into potential protein and cell type associations. This integrative analysis provides a bridge to better understand RA GWAS and enable future validation studies to elucidate disease mechanisms.
Methods
Patient cohort
RA patient samples were collected from a phase III clinical trial of golimumab in Patients with Active Rheumatoid Arthritis Despite Methotrexate Therapy (GO-FURTHER) [16] . A subset of subjects from the entire trial population at baseline (before golimumab treatment) was utilized (Table 1) .
Peripheral blood gene expression
Peripheral whole blood was collected in PAXgene tubes (Preanalytix, Switzerland). RNA was isolated using the Qiagen Biorobot (Qiagen, Valencia, CA, USA), which followed the protocol from the Qiagen PAXgene MDX kit (cat# 752431), and was modified to collect both total and microRNA. Subject cDNA was amplified through utilization of the NuGEN Ovation Pico WTA System V2 (NuGEN, San Carlos, CA, USA). Microarray hybridization was performed on GeneChip Human Genome U133 Plus 2.0 Array according to the manufacturer's protocol (Affymetrix, Santa Clara, CA, USA). Data were normalized using Robust Multi-array Average (RMA) algorithm and log base 2 transformed using R. Data are available from NCBI GEO with accession number GSE74143.
Prior to eQTL detection, the gene expression data were adjusted by the first ten principal components (PCs) from principal component analysis and transformed with inverse normal transformation as in previous eQTL studies [14, 18, 53] . The variation captured by these PCs was associated with factors such as sex, age, and technical factors such as RNA quality and microarray batch effect (Additional file 14: Figure S10 ). We chose to remove ten PCs to balance removing as much unwanted sample differences without also removing genetically determined variation. Removal of 2-200 PCs was tested to choose ten PCs, although the maximal number of cis-eQTLs was detected with removal of 50 PCs.
SNP data from whole-genome sequencing
Genotypes were generated from whole-genome sequencing as described in Standish et al. [17] . DNA isolated from whole blood was sequenced and DNA variants called using a modified GATK pipeline.
eQTL mapping eQTL associations were tested for bi-allelic, autosomal SNPs with minor allele frequency (MAF) >0.05, Hardy-Weinberg equilibrium p value >10 −6 , and mapping to a reference SNP ID number. The total number of SNPs tested was 6,012,773. Probe sets mapping to non-autosomal chromosomes, not mapping to known genes, or with ambiguous mappings were excluded, leaving 39,515 probe sets for eQTL mapping. After QC of genotype and transcriptomics data, there were 377 matching samples for eQTL mapping. It was confirmed that transcriptomics and DNA samples matched as described previously [54] .
Association of SNP genotypes (coded as 0, 1, or 2) and gene expression data was performed using the matrixeQTL R package with a linear model [55] . Subject age and the first three PCs from genotype population stratification (performed with SNPRelate R package) were included as covariates [56] . For ciseQTLs, associations were tested for SNPs less than 1 Mb from a probe set, while trans-eQTLs were considered all other distal associations. Multiple hypothesis correction was performed separately for cisand trans-eQTLs using permutations as described previously [57] .
Pathway enrichment analysis
Enrichment of gene sets was performed with Nextbio (Illumina, San Diego, CA, USA) with Broad Institute MSigDB canonical pathways for terms in the range of 1-5000 genes in size and the Nextbio Body Atlas for Homo sapiens cell types [58] . All enrichment p values were corrected for multiple hypotheses using the Bonferroni correction.
Differentially expressed genes from RA synovial tissue were identified from three publicly available datasets (NCBI GEO dataset IDs: GSE1919 [59] , GSE55235 [60] , GSE48780 [61] ). Conditions were compared using a moderated t-test and a p value <0.05 cutoff to define gene sets.
Comparison to GWAS studies
For the comparison to the NHGRI catalog, a snapshot of the catalog was downloaded on 22 December 2014 from the NHGRI website (http://www.genome.gov/gwastudies/). Diseases or traits with ten or more associated SNPs were considered for analysis. P values were calculated using a one-sided Fisher's exact test and adjusted for multiple hypotheses using the Bonferroni correction. The background considered was all SNPs for any disease/trait in the catalog. For the remaining comparisons to RA GWAS results, the 101 RA risk SNPs reported in Okada et al. from the transethnic meta-analysis were used [2] . For each reported SNP, SNPs in LD were defined based on 1000 genomes Project Consortium phase 1 data as those with r 2 ≥ 0.8, using HaploReg (http://www.broadinstitute.org/mammals/haploreg/ haploreg_v3.php; [62] ).
Enrichment in tissue-/cell type-specific chromatin states
We compared the locations of the RA eQTLs to regulatory elements of 97 different cell types taken from the Roadmap Epigenomics project and ENCODE [5, 20] . Chromatin states produced by the Roadmap Epigenomics project using six histone modifications (H3K4me3, H3K4me1, H3K27ac, H3K27me3, H3K9me3, and H3K36me3) and ChromHMM [21] were downloaded. The Roadmap Epigenomics project also produced a set of chromatin states using only five marks but including 127 cell types, but we chose not to use this set because H3K27ac was not included and this histone modification has been shown to be the most predictive is enhancer activity [25] . The six histone modifications used produce 18 chromatin states, but many of these states correspond to similar regulatory elements (e.g. "Active TSS" and "Flanking TSS" both represent the TSS); thus to simplify interpretation, the 18 states were collapsed into nine states. The fold-enrichment of the eQTLs in each of the cell type's chromatin states was calculated by dividing the proportion of total eQTLs that overlapped the state by the proportion of the total genome covered by the state.
To better account for local genomic structure and test whether the enrichment within enhancer regions was statistically significant, we used a recently published algorithm, goshifter [23] . This method uses local permutations of annotation locations (e.g. enhancers marked by H3K27ac) to generate a null distribution and then calculate a p value based on the observed overlap of a set of variants (here eQTLs) and those in LD with the given annotation. Enrichment was tested for a given chromatin state annotation for the peak eQTLs (eQTL for each gene with the lowest p value). The tests were run using 10 4 permutations and LD information from the 1000 genomes EUR population with an r 2 threshold of 0.8 and a window size of 5 × 10 5 bases.
Deconvolution of RA GWAS and RA whole blood eQTLs using histone modifications
The deconvolution of RA GWAS hits into cell type and protein associations was carried out for each cell type's epigenome using a four-step methodology: (1) creating sets of RA GWAS enhancers; (2) creating sets of active genes; (3) using eQTLs to link RA GWAS enhancers and active genes; and (4) adding active genes that overlap the RA GWAS loci.
Creating sets of RA GWAS enhancers was done by downloading lists of genomic loci that are enriched (known as peaks) with H3K27ac and H3K4me1 from the Roadmap Epigenomics project [5] . The Roadmap Epigenomics project had identified these regions by performing chromatin immunoprecipitation followed by highthroughput sequencing (ChIP-seq) using antibodies that are specific to these histone modifications. To facilitate comparison between epigenomes, the Roadmap Project performed all data processing with a common bioinformatics pipeline, which first used Pash 3.0 [63] to map sequencing reads to the genome. Then the program MACS2 [64] was used to identify regions of the genome where significant enrichment of sequence reads group to form peak regions. In this analysis, only peaks with a fold-enrichment >4 were used. From each set we removed any peaks that overlapped (−1500 bp to +500 bp) a transcription start site (TSS; locations obtained from RefSeq [65] ) as these likely correspond to promoters and not enhancers (and were handled separately; see below). We used H3K27ac peaks to represent enhancers that are active in a cell type whereas H3K4me1 peaks represent enhancer regions that likely to become active in the cell type upon stimulation or further differentiation. Then to identify the enhancer regions that are associated with RA, we used bedtools [66] to overlap the enhancer sets with the reported RA GWAS SNPs and SNPs that are in LD (r 2 > 0.8). This resulted in 17 to 90 (H3K27ac) and 20 to 138 (H3K4me1) RA GWAS enhancers per cell type.
Creating sets of active genes was done by overlapping their TSSs (−1500 bps to +500 bps) with H3K4me3 (also obtained from the Roadmap Project) or H3K27ac. Only peaks with a fold-enrichment >4 were used. This resulted in between 12,389 and 16,320 active genes per cell type.
Using eQTLs to link RA GWAS enhancers and active genes was done by re-mapping the eQTLs using only RA GWAS enhancers and genes that are active in a particular cell type (as defined above). To do this, we performed eQTL mapping (as described in the "eQTL mapping" section in "Methods" above) using only the SNPs that overlap the RA GWAS enhancers and only the genes that were called as active for each cell type. Thus, RA GWAS enhancers are annotated with one or more genes if there is a significant eQTL association in our dataset and the gene(s) are considered active in the cell type being considered.
Adding active genes that overlap the RA GWAS loci was performed to include GWAS hits that overlap promoters and gene bodies. To do this we used bedtools to identify RA GWAS SNPs and those in LD (r 2 > 0.8) with the gene bodies and promoters of the active genes (−1500 bp from TSS to +500 bp from the transcript termination site) identified in each cell type's epigenome. This resulted in between 60 and 81 genes in each cell type's epigenome.
Network analysis
Network calculations were made as described in Meche et al. using the same publicly available interaction network [28] .
Data visualization
Figures were created using Microsoft Excel, R, Cytoscape, Circos [67] , and ArrayStudio (Omicsoft, Cary, NC, USA). Hierarchical clustering as shown in heatmap figures was performed using one minus the Pearson correlation as a distance measure and Ward's method for linkage. Additional file 10: Figure S6 was created with LocusZoom [68] using "1000 Genomes Nov 2014 EUR" as the LD population.
Ethics approval
RA patient samples were collected from a phase III clinical trial of golimumab in Patients with Active Rheumatoid Arthritis Despite Methotrexate Therapy (GO-FURTHER). [16] The study (NCT00973479, EudraCT 2008-006064-11) was conducted according to the Declaration of Helsinki and the International Committee on Harmonisation good clinical practices. The protocol was reviewed and approved by each site's institutional review board or ethics committee. All patients provided written informed consent to genetic and transcriptomics analyses.
Availability of data and materials
The microarray gene expression data are available from NCBI GEO with accession number GSE74143. The eQTLs are provided as supplemental data files. Figure S3 . Genes associated with RA GWAS in T cell specific epigenomic datasets. Heatmap of genes associated with RA GWAS SNPs overlapping enhancers in the shown T cell datasets. PB, peripheral blood. Two T cell epigenomes uniquely identify genes that might be explained by unique aspects of the selection markers and (when carried out) in vitro differentiation protocols: (1) "Primary T cells from PB" was the only T cell sample to use CD3+ as a selection marker; and (2) "Primary T helper cells PMA-I stimulated" was the only sample that used Magnetic-activated cell sorting (MACS) [5] . The differences between the two "Primary T helper memory cells from PB" samples might be explained by their different differentiation protocols (number 1 uniquely used CD25M and CD45RO as selection markers) or by the differing donors of origin [5] . (PDF 7665 kb) Additional file 8: Figure S4 . Heatmap of genes identified to overlap blood enhancers and RA GWAS loci. Heatmap of genes associated with RA GWAS SNPs in primary monocyte, B cell, or T cell datasets. In addition to the associations from overlapping enhancers and eQTLs (as shown in Fig. 3b) , genes that overlap RA GWAS loci in the given cell-type datasets are shown. (PDF 7638 kb) Additional file 9: Figure S5 . PADI4 is active in monocytes but not T cells or B cells. Genome browser view of the PADI4 region with tracks from peripheral blood datasets. Histone modification tracks show the fold-change between ChIP and control read counts. Active histone modifications have red bars next to their labels while repressive marks have blue. Genes on the positive and negative strands are shown in blue and cyan, respectively. (PDF 7791 kb) Additional file 10: Figure S6 . Trans-eQTLs that overlap RA risk loci on chromosome 6. Genome browser view showing eQTL peaks for three genes associated distally with RA GWAS loci in the HLA region. For each gene, the most significant eQTLs are shown. The color of the eQTL markers corresponds to LD r 2 in reference to the strongest eQTL for each gene (as labeled and data shown to the right). The yellow highlights the position of the strongest eQTL for each gene. Histone modification tracks show the fold-change between ChIP and control read counts. Active histone modifications have red bars next to their labels while repressive marks have blue. (PDF 7709 kb) Additional file 11: Figure S7 . Enrichment of RA-associated genes including genes for those RA GWAS SNPs that were not annotated with our approach. Genes identified as associated with RA GWAS SNPs in monocytes, B cells, or T cells were tested for enrichment with the MSigDB term database. This corresponds to Fig. 4a , except including additional genes for the RA GWAS SNPs that were not identified with our approach using the monocyte, B cell, and T cell datasets. Genes were chosen for each SNP based on previously published annotation [2] . (PDF 7609 kb) Additional file 12: Figure S8 . Network connectivity and neighborhoods of genes identified through overlap with enhancers and active genes in primary B cell, T cell, and monocyte datasets. A Network connectivity parameters compared for GWAS-associated genes identified in this study compared to those annotated by NCBI phenotype-genotype integrator. B Enrichment of interactome subnetwork genes in cell types and canonical pathways. C Subnetwork of genes that were found to be unique to T cells. D Enrichment of T cell specific interactome subnetwork genes in cell types and canonical pathways [2, 28] . (ZIP 7.33 mb) Additional file 13: Figure S9 . Comparison of RA eQTLs to healthy donor eQTLs. A Comparison of allele frequencies in the RA population used in this study compared to the 1000 genomes dataset for those SNPs that were eQTLs in our dataset. The allele frequency of the peak eQTL for every egene (SNP with lowest p value) was compared to the 1000 genomes project dataset (accessed with Haploreg; http:// www.broadinstitute.org/mammals/haploreg/haploreg_v3.php). B Comparison of allele frequencies for all peak eQTLs in our RA population versus the 1000 genomes EUR population. C Comparison of allele frequencies for peak eQTLs that overlap RA GWAS loci or those in high LD (GWAS loci from Okada et al. [2] ). D Overlap of egenes in our RA population and the GTEx whole blood dataset (v6). E Comparison of enrichment in RA synovium datasets for egenes that were unique to the RA dataset, the GTEx dataset, or common to both. These datasets used were: RA synovium compared to healthy controls (GSE1919), inflamed RA synovium compared to non-inflamed controls (GSE48780), and RA synovium compared to healthy controls (GSE55235). The p values were generated by a one-sided Fisher's exact test as described in the manuscript methods. 
